ABSTRACT Position-estimation systems for indoor localization play an important role in everyday life. The global positioning system (GPS) is a popular positioning system, which is mainly efficient for outdoor environments. In indoor scenarios, GPS signal reception is weak. Therefore, achieving good position estimation accuracy is a challenge. To overcome this challenge, it is necessary to utilize other positionestimation systems for indoor localization. However, other existing indoor localization systems, especially based on inertial measurement unit (IMU) sensor data, still face challenges such as accumulated errors from sensors and external magnetic field effects. This paper proposes a position-estimation algorithm that uses the combined features of the accelerometer, magnetometer, and gyroscope data from an IMU sensor for position estimation. In this paper, we first estimate the pitch and roll values based on a fusion of accelerometer and gyroscope sensor values. The estimated pitch values are used for step detection. The step lengths are estimated by using the pitching amplitude. The heading of the pedestrian is estimated by the fusion of magnetometer and gyroscope sensor values. Finally, the position is estimated based on the step length and heading information. The proposed pitch-based step detection algorithm achieves 2.5% error as compared with acceleration-based step detection approaches. The heading estimation proposed in this paper achieves a mean heading error of 4.72 • as compared with the azimuth-and magnetometer-based approaches. The experimental results show that the proposed position-estimation algorithm achieves a high position accuracy that significantly outperforms that of conventional estimation methods used for validation in this paper.
I. INTRODUCTION
Various position estimation techniques exist that can be used to detect the position of pedestrians or objects in indoor or outdoor environments. Such techniques involve the use of global positioning system (GPS) data [1] , [2] , image data, video data, IMU sensor data, or Wi-Fi data. Although these data can be used in both indoor and outdoor environments, there are highly considerable challenges when data such as GPS, and image or video data are used for indoor localization. These challenges include weak received GPS signals [3] , [4] , and unpredictable illumination challenges for image or video data [5] . GPS, video, and image data are generally fine for outdoor localization. Therefore, it is necessary to develop new positioning approaches that can offer a higher position accuracy precision. Currently, different indoor positioning systems have been developed. These include wireless local area network (WLAN) [6] , ultrawideband (UWB) communication [7] , [8] , Wi-Fi-based systems [9] - [11] , camera based systems [12] , [13] , ultrasonic sensors [14] , [15] , laser-based systems [16] , radio frequency identification (RFID) [17] - [20] , inertial navigation and inertial measurement unit (IMU)-based navigation systems [21] , [22] , global system for mobile communications (GSM) [23] - [26] , and smartphone-based positiondetection systems [27] - [30] . Among these techniques, the smartphone sensor based position-detection system is the most popular. The advantage of using a smartphone-based position-estimation systems is that it requires no additional peripherals devices expect for the smartphone itself. The major applications for smartphone-based Pedestrian dead reckoning (PDR) systems are localization in shopping malls, airports, tracking firefighters or soldiers, underground parking areas, and personal locators in tunnels and GPS-denied outdoor environments. Another advantage of the smartphonebased position-estimation system is that it uses only one system instead of integrating WiFi signals, radio frequency signals, GPS, or vision cameras. The integration of other system increases the system cost and complexity. Integration of WiFi signals and vision cameras require installation and maintenance of the infrastructure. Based on only a smartphone, this paper proposes a sensor fusion technique for pitch and roll estimation, a pitch-based step detection algorithm, a sensor fusion for heading estimation (HD) and a position estimation algorithm. Experiments were conducted in three different indoor scenarios and showed a better positioning accuracy compared to other conventional approaches. The main contributions of this paper are as follows:
• We designed a Kalman filter algorithm for sensor fusion.
The proposed system uses two sensor fusion algorithms for position estimation. We implemented first sensor fusion algorithm for pitch and roll estimation and second sensor fusion algorithm for heading estimation. The proposed system uses the accelerometer and gyroscope data for pitch and roll estimation and magnetometer and gyroscope data for heading estimation.
• We proposed a pitch-based step detection algorithm for detecting steps. We analyzed the proposed step detection approach with acceleration based step detection approaches.
• We formulated a position estimation algorithm and compared the results with conventional PDR approach. This paper is organized as follows. In Section II, a review of previous work is presented. Section III discusses the smartphone coordinate system. The proposed position-estimation algorithm is discussed in Section IV. The analysis of both the experiments and results is provided in Section V. Finally, the conclusions and future work are summarized in Section VI.
II. RELATED WORK
Position estimation has been studied in the past and recently for applications in object detection, robotics, and various tracking purposes. The discussion of this section focuses on related work for position estimation. The position-estimation study is related to two research areas: step detection and heading estimation. The final area of study related to position estimation is sensor-fusion technologies. Various sensorfusion techniques are used for position estimation for better performance.
The performance of position estimation algorithms depends on the accuracy of step detection. It is necessary to estimate the steps and the step length (SL) of the pedestrian for accurate position estimation. Conventional step detector algorithms use accelerometer sensor data to detect steps. Ahmad et al. [31] studied the fundamental analysis of stepdetection algorithms and discussed their performance based on dynamic step lengths. Ho et al. [32] reported an adaptive step length estimator. In their proposed method, a fast Fourier transform (FFT)-based smoother on the acceleration data instead of conventional filtering methods such as high pass and low pass filters was used. Experimental results showed that the proposed method achieves better performance compared to the conventional estimation methods. Another approach for step detection and step length estimation is to use a neural network. Liu et al. [33] explained the neural network concept for step detection. In their paper, they describe a compositional algorithm of empirical formula and back-propagation neural network to estimate step length. In this paper, we propose a pitch based step detection algorithm instead of accelerometer-based step detections. The proposed pitch-based approach uses the pitch angle for step detection and estimates the step length based on the pitch amplitude.
The performance of the position estimation also depends on the accurate heading estimation. Magnetometer and gyroscope sensors are used for estimating heading. Yuan et al. [34] introduced a quaternion-based, unscented Kalman filter for accurate indoor heading estimation. In their work, a wearable multisensory system with different sensors was utilized. The experimental results show that the designed system has high heading accuracy with respect to the ground truth-values. Renaudin et al. [35] explain about a quaternion-based heading estimation method and proposed magnetic angular rate update and acceleration gradient update. The experimental results show that the proposed method reduces the heading error compared to other methods. The accuracy of the heading depends on the position in which the smartphone is held. Liu et al. [36] discusses smartphone-holding postures for heading estimation and have proposed a heading estimation algorithm for different smartphone holding postures. In this study, we use magnetometer and gyroscope sensors. The magnetometer is easily affected by an external disturbance and the gyroscope values are not reliable for long-duration experiments. To overcome these issues, we use the sensorfusion technique in our algorithm. Quaternion updated gyroscope values are used for reducing the drift problems.
The position is estimated from combining step length and heading information. In Ali and El-Sheimy [37] , a basic position-estimation algorithm is explained. Ali and El-Sheimy [37] introduced a sensor-fusion technique for position estimation. The proposed position algorithm has less than 15 m position error in a harsh environment. In this study, we have considered the same experiment scenario and our algorithm achieves less than 2.6 m of position error as compared to results achieved in [37] . In Kang and Han [38] , a smartphone-based PDR for an indoor localization was presented. Experimental results show that their proposed system has reasonable location accuracy. Tian et al. [39] deals with a multi-mode dead reckoning system for pedestrian tracking using smartphones. Their work introduces a mode detection for the PDR system. The mode represents a specific state of carrying a mobile device, and it is automatically detected during pedestrian walk. The mode detection algorithm improves position-detection performance. Their proposed system achieves real-time tracking and localization performance with high positional accuracy. Another way to improve on the performance of a pedestrian navigation system is to create a motion recognition algorithm. Shin et al. [40] explain the use of motion recognition-based 3D pedestrian navigation system using a smartphone. This paper proposes an android-based PDR system. The experimental results show that the proposed method has a high positioning accuracy as compared to the conventional PDR systems.
The position-estimation systems discussed here require further improvement related to position accuracy. Therefore, it is necessary to propose a new position-estimation algorithm for different indoor conditions. This paper proposes a position-estimation algorithm for different indoor scenarios. The proposed algorithm is validated by three experiment scenarios. The accuracy of the proposed algorithm is assessed and evaluated by computing the displacement error and root mean square error (RMSE). The experiment result shows that the proposed algorithm has higher positional accuracy as compared to conventional method.
III. SMARTPHONE COORDINATE SYSTEM
In usual, smartphone sensors use a standard 3-axis coordinate system to express data values. The smartphone coordinate system is defined relative to the device's screen when the device is held in its default orientation. Fig. 1 shows the coordinate system used in the smartphone [41] . When the device is in its normal position, the x axis is horizontal and points to the right, the y axis is vertical and points up, and the z axis points out from the face of the screen. In this coordinate system, locations behind the screen are represented by negative z values. Smartphone sensors, like the accelerometer, magnetometer, and gyroscope, use these coordinate systems. The important point of this coordinate system is that the axes are not swapped when the device's screen orientation changes. This means that the sensor's coordinate system never changes as the device moves. The rotation matrix R from the android operating system is defined by
where x, y and z are axes relative to the smartphone and E, N, G defined as follows: 
When the smartphone is not in the normal position, it is necessary to remove the tilting effect. To remove the titling effect, the proposed algorithm transforms the original acceleration data from smartphone coordinates to earth coordinate system. The rotation matrices of the azimuth (R ψ ), pitch (R θ ), and roll (R φ ) are expressed as [51] 
The relationship between the rotation matrix and Euler angles is given by (5) and (6) [51] . The transformation of the acceleration data from smartphone coordinate ( a x , a y , a z ) to earth
The acceleration in the earth coordinates is free from tilting effect, however, the z-axis component of the acceleration contains gravity, and the proposed algorithm removes the effect of gravity with (8) .
where A linear is the linear acceleration and the parameter g = 9.80 m/s 2 is the gravitational acceleration.
IV. PROPOSED POSITION-ESTIMATION ALGORITHM FOR INDOOR LOCALIZATION
Positions in indoor scenarios can be estimated in different ways. The conventional position-estimation algorithms use the gyroscope integration process for heading estimation [43] . This process creates an accumulated error from gyroscope and this affects positioning accuracy. Another conventional approach is to estimate the heading based on the magnetometer. Magnetometer-based heading estimation is not reliable for experiments that span over a long time. Fig. 2 shows the conventional position-estimation method using both the accelerometer and gyroscope sensor information. In order, to overcome the accumulated error when using only the gyroscope, the magnetometer data is introduced to the system [44] . Fig. 3 shows the conventional positionestimation method using accelerometer and magnetometer sensors. However, the magnetometer is also not reliable since magnetometers are easily affected by external magnetic fields hence affecting positioning accuracy.
The proposed position-estimation algorithm uses a combination of the accelerometer, magnetometer, and gyroscope sensor readings. Fig. 4 shows the proposed positionestimation algorithm. For the comparison of our results, we compared the proposed system results with the positionestimation results when both the accelerometer and magnetometer sensors are used.
The experiments were conducted using smartphone sensors with acceleration, gyroscope, and magnetometer data. For data collection, the sensor stream inertial measurement unit and global positioning system android application is used. The android application deals with hard-and software sensors integrated in smartphones. The pedestrian can select the sensors and observe the current values of accelerometer, gyroscope, and magnetometer. A stream containing the sensor values in comma-separated values (CSV) format can be stored on an secure digital (SD) card or internal storage of a smartphone. The application provides an option for sensorupdate frequency adjustments.
The proposed position-estimation algorithm is divided into different stages. The first stage of the proposed algorithm is to calculate the pitch and roll. The estimated pitch values are used for step detection. The second stage of the proposed algorithm is to estimate the step length. The model presented in [45] is used for step length estimation. The third stage of the proposed algorithm is to estimate the heading. The heading estimation algorithm uses the magnetometer and gyroscope data to estimate the heading. The final stage of the proposed algorithm is to estimate the position. The position is estimated from the step length and heading information.
A. PITCH AND ROLL ESTIMATION BASED ON SENSOR FUSION
Sensor-fusion is used for calculating the pitch and roll values. Sensor fusion is a technique used to combine different sensors. The proposed algorithm combines the accelerometer and gyroscope data for roll and pitch estimation. 
This technique removes the accumulated error from both the accelerometer and gyroscope. The idea behind this approach is that, since the gyroscope-based position accuracy result is good in a short time span and the accelerometer-based position accuracy result is good for a longer time span, combining both accelerometer and gyroscope features achieves better performance on positioning accuracy in a longer time span.
1) CALCULATION OF PITCH AND ROLL FROM ACCELEROMETER
The three-axis acceleration data in the device coordinate systems are a acc = ( a x , a y , a z ) and g denotes gravity acceleration. The pitch and roll angles are given by
Roll angle(φ) = tan −1 a x a z (10)
2) CALCULATION OF PITCH AND ROLL FROM GYROSCOPE
In the calculation of the pitch and roll angles using gyroscope sensor data, the angular velocities measured from gyroscope are integrated with respect to time.
3) SENSOR FUSION
Sensor-fusion helps to reduce on the accumulated error from the accelerometer. The accelerometer exhibits a limited range of error when the sensor-fusion approach is applied. The expression used for calculation of the pitch and roll angles from the accelerometer is an approximation valid only in situations when the acceleration or angular rate is small. When we consider the gyroscope pitch and roll angles, the error is accumulated after numerical integration. Sensor-fusion removes the error from the accelerometer and gyroscope and it results in better performance. A Kalman filter [46] with a suitable system model that combines the complementary features of the gyroscope and accelerometer as seen in Fig. 5 is used for sensor fusion. Gyroscope quaternion values are used as the state variable, which is given by
The three-axis gyroscope data in the device coordinate systems are (ω x , ω y , ω z ) and the quaternion-based state update is given by
The system model matrix A is defined as
The state variable is defined by the gyroscope quaternion values. Therefore, it is necessary to convert the gyroscope data to quaternion values [34] . The conversion of the gyroscope Euler angles to quaternion values are given by 
The initial value for the state variable is given by the following form
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The error covariance matrix is represented by following form
B. STEP DETECTION
The estimated pitch values from sensor fusion technique are used for step detection. The idea of pitch-based step detection was explained in [45] . The proposed step detection algorithm analyses the pitch and detects the step when a maximum pitch value occurs. The block diagram of proposed pitch-based step detector is shown in Fig. 6 . The pitch used as the sensor fusion inputs are from both the accelerometer and gyroscope. The maximum and minimum values of fused pitch is identified, a step is detected when a valid maximum peak (Maxima) and a valid minimum peak (Minima) are detected in a sequence in a certain interval. To avoid false step detection, a step is only detected if the pitch value is above a defined threshold value. The maxima is a maximum peak that exceeds upper threshold, while minima is the minimum peak lower than the lower threshold. The upper threshold is determined by summing last valid minima with a threshold value, while the lower threshold is determined by subtracting last valid maxima with a threshold value, an interval time difference between maxima and minima is also determined experimentally, must be between 110ms -400ms in order to ensure a valid step [54] . In Fig. 7 the pitch obtained from a pedestrian walking with the smartphone in his hand is shown. In the figure, a total of 10 steps are represented. This demonstrates the cyclic nature of the steps during the walk is easily identifiable. The highest positive peak θ max , corresponds to the maximum leg's elongation when walking and the second positive peak occurs as a consequence of the foot hitting the floor. θ min is the lowest and unique negative peak. A step is illustrated by the two legmotion in Fig. 8 . The black leg indicates the smartphone is in the left hand of the pedestrian and a step is considered between hits on the floor of this leg. The vertical dashed line represents a pitch equal to zero. When the pitch angle crosses first to zero in Fig. 7 the black leg overtakes the red leg. When the pedestrian is standing the legs are closed, thus the opening angle is zero. By observing Fig. 7 , it is clear that, because of the knee, θ max is much greater than θ min [45] .
C. STEP LENGTH ESTIMATIONN
The step length estimation algorithm follows the model presented in [45] to estimate the step length. The step length model estimates the step length through a first-order linear regression model on the pitch amplitude ( θ ) and is given by [45] 
where θ is the difference between highest positive peak (θ max ) and lowest negative peak (θ min ), in degrees. The constants a and b are the personalized parameters fitting each regression line.
D. HEADING ESTIMATION
The other important information used for position-estimation is the heading. Heading estimation is the process of determining the direction of pedestrian movements. Two smartphone sensors are used to determine the heading in our proposed system. Both are used for purposes of error reduction especially during a long time span [47] . The relation between magnetic strength in the device (h x , h y , h z ) and global (H x , H y , H z ) coordinate system is expressed as
Heading γ is then given by
The gyroscopic heading shows better results than the magnetometer heading. Let ω x represent the body-frame x-axis gyro output, ω y represent the body-frame y-axis gyro output, and ω z represent the body-frame z-axis output. Then, the Euler angles are computed as [34] 
The quaternion update values are expressed by (14) . The gyroscopic heading is obtained by following equation.
The proposed position-estimation algorithm uses the results from (22) and (24) for sensor-fusion. The results from the sensor fusion show that it has less heading error than the azimuth-based and magnetometer-based heading-estimation methods.
Assume S t is the heading direction and γ is the input of the system. The state transition function of the heading fusion framework is expressed as [55] 
where A and B are identity matrices and w denotes the Gaussian noise of the system with zero mean and variance φ . The observation of the system comes from the gyroscope sensor
. The observation function can be expressed as
where C = 1 0 and r denotes the Gaussian noise of the magnetometer output with zero mean and variance ϕ. The Kalman filter [46] is applied to solve this problem and the system contains two parts:
2) Updating
The final stage of the proposed algorithm is to estimate the position using the step length and heading information. The current position of the pedestrian is calculated from the previously known position, step length information and the heading from a step interval [48] . The initial position of the pedestrian is defined and using the step length and heading information calculate the current position of the pedestrian. The proposed algorithm assumes the initial position of the pedestrian as zero. The position is expressed as
where X t , Y t are the position values and X t−1 , Y t−1 are the initial position values. To determine the absolute position of the pedestrian, QR code, RFID, UWB, and computer vision navigation methods are used.
V. EXPERIMENTS AND RESULT ANALYSIS
To evaluate the performance and accuracy of our proposed position-estimation algorithm, we considered threeexperiment scenarios such as rectangular motion, straightline motion, and circular motion of pedestrian as shown in Fig. 9 . The data are collected at the fifth floor of IT building 1, Kyungpook National University, South Korea. During data collection the pedestrian (Age 27, Height 172 cm) held the smartphone in his hand and walked in the reference path. The red lines in the Fig. 9 indicated the reference paths for all experiments.
The experiment is carried out in an Android 7.1.1 Nougat platform on a Samsung Galaxy Note 8 smartphone with Snapdragon 835 processor and 6 GB RAM. Through analysing several experiment results, this paper assigns the upper and lower threshold for step detection to be 0.5. The performance of proposed position-estimation algorithm is evaluated through extensive experiment scenarios and results. First the pitch and roll estimation, heading estimation, and positionestimation are executed and the performance are evaluated.
To analyse the effect of proposed sensor fusion for pitch and roll estimation, the data in the path 2 is chosen and the Figs. 10 and 11 show the pitch and roll values from the accelerometer, gyroscope and proposed method. From the figures, it can be seen that the proposed sensor fusion approach removed the effect of accumulated error from accelerometer and drift error from gyroscope. The dc offset from the accelerometer is suppressed by proposed sensor fusion method. The proposed sensor fusion results are less fluctuating than independent sensor results and makes the best performance for step detection algorithm. The estimated pitch values from sensor fusion are used for pedestrian step detection.
To evaluate the performance of step detection, the proposed pitch-based step detection is compared with accelerationbased step detection approaches. The data of holding smartphone in hand in path 2 is chosen to compare the proposed pitch-based step detection approach with accelerationbased step detection approaches. The number of steps in path 2 is 127. The relative error to evaluate the performance is defined as [42] e = |N e − N r | N r × 100% (34) where N e is the number of detected steps, and N r is the ground truth. The TABLE 1 shows the accuracy comparison of proposed step detection with acceleration based approaches. In TABLE 1, the proposed pitch-based step detection approach is compared with acceleration-based step detection approaches such as peak detection approach, zero crossing detection approach and Samsung health android application approach. From TABLE 1, it is clear that the proposed pitch-based approach has better performance than acceleration-based approaches. The zero-crossing approach (ZC) shows a better performance than the peak detection (PD) and the Samsung health android application approach. The error analysis shows that the Samsung health android application has very poor performance than other approaches and it is not suitable for PDR localization. Path1 rectangular motion of pedestrian is chosen to evaluate the performance of proposed heading estimation algorithm. It consist of four direction paths. The proposed heading estimation algorithm uses the sensor fusion technique for estimating the direction. We compare the proposed heading estimation with azimuth based and magnetometer based approaches. The heading from all approaches are shown in Fig. 12 . The red line in the Fig. 12 indicates the ground truth values of heading. From Fig. 12 , it can be seen that the proposed heading estimation algorithm can avoid the effect of sensor errors. The performance of proposed heading fusion technique is evaluated by a cumulative error distribution function and heading error. Fig. 13 shows the cumulative heading error distributions of the three approaches. The proposed heading estimation approach achieves the best performance in all the three heading estimation approaches. The azimuth heading approach is better than the magnetometer based approach. The heading error estimation is shown in Fig. 14 . The proposed fusion method has less heading error compared to the other methods. The mean heading error for magnetometer based approach is 18.55 degrees and for azimuth based approach is 7.48 degrees. The mean heading error for proposed method is 4.72 degrees. The experimental results show that the proposed heading fusion method reduced the sensor errors.
To evaluate the performance and accuracy of our proposed position-estimation algorithm, we considered threeexperiment scenarios such as rectangular motion, straightline motion, and circular motion of pedestrian. Fig. 15 depicts the trajectories of the ground truth, the conventional PDR approach, and proposed PDR approach for three-experiment scenarios. For the conventional PDR approach, acceleration based step detection approach (ZC) is used for the step detection. The step length is estimated by Weinberg [49] approach, (22) is used for heading estimation. Finally, (32) and (33) are used for position estimation. In order to validate our proposed position-estimation algorithm, we carried out our first experiment in the rectangular motion. In this experiment, the pedestrian walked in the rectangular direction. The experiment was carried out strictly along the reference path in our college building corridor. Fig. 15(a) shows the experimental results. The starting point is 10 m far from the corner of the building. The length of the path is 45 m and the width is 37 m. The red line shows the reference path. The proposed algorithm result shows high position accuracy than the position estimation from conventional method. The next experiment is the straight-line motion of the pedestrian. In this case, the pedestrian walked in the college building corridor in a straight direction. The experiment result shows that the proposed algorithm achieves better results compared to the conventional method. Fig. 15(b) shows the straight-line experiment result. The last experiment is the circular motion of the pedestrian. In this case, the pedestrian walked in a 9-m-radius circle. Fig. 15(c) shows the experiment result. The pedestrian walked in the reference circle path and the experimental result shows that the position from proposed algorithm has a high position accuracy compared to the conventional method. In this experiment, the starting point is origin and the red circle shows the reference circle path.
The accuracy of the proposed position-estimation algorithm is assessed and evaluated by displacement and root mean square error. The displacement errors are calculated by the difference between the starting and finishing points. Table 2 gives the displacement errors for rectangular and circular motion of the pedestrian. From the table, the proposed algorithm has less displacement errors compared to the conventional method. The proposed algorithm reduced the displacement error. The RMSE calculates the position errors. Fig. 16 shows the RMSE for position in rectangular motion. The maximum error from the proposed position-estimation algorithm is 2.6 m. The maximum error from conventional method is 3.8 m. The proposed algorithm reduced the position error. The RSME of position in straight-line motion of pedestrian is shown in Fig. 17 . The maximum error in straight-line motion of pedestrian is 0.944 m by the proposed method and the maximum error from conventional method is 1.95 m. The proposed algorithm yields less position error compared to the conventional method. The RSME of position for the circular motion of a pedestrian is represented in Fig. 18 . The maximum error is 1.2 m by the proposed method and the maximum error from the conventional method is 1.4 m. The proposed algorithm provides high position accuracy compared to the conventional method. Table 3 shows the x and y position errors for all experimental scenarios.
VI. CONCLUSION
This paper presented a position-estimation algorithm for indoor application. In comparison with other PDR algorithms, the proposed PDR algorithm shows high position accuracy for pedestrian motions. The proposed algorithm uses the complementary features of magnetometer and gyroscope and addressed the accumulated errors exist in PDR localization. In step detection procedure, we have proposed a pitch-based step detection by combining the accelerometer and gyroscope sensors. In heading estimation procedure, we have presented a sensor fusion technique by using gyroscope and magnetometer sensors. The proposed position-estimation algorithm was tested through three indoor experiments, and the results show that the proposed positionestimation algorithm shows high position accuracy. The rectangular motion experiment shows that the proposed position estimated path has a maximum of 2.6 m error when compared to the reference path. In the case of straight-line pedestrian motion, the experimental result shows that the proposed algorithm has a maximum of 0.94 m errors when compared to the ground-truth values. In the last experimental results, the proposed algorithm shows a maximum of 1.2 m errors when compared to the actual values. From the all experiments and results, the proposed algorithm shows high position accuracy as compared to the conventional method. However, in the future, we will carry out experiments in more complicated situations, such as pentagonal, hexagonal, or zigzag motion of pedestrians.
